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The collection of internet images has been growing in an astonishing speed. It is undoubted that these images
contain rich visual information that can be useful in many applications, such as visual media creation and
data-driven image synthesis. In this paper, we focus on the methodologies for building a visual object database
from a collection of internet images. Such database is built to contain a large number of high-quality visual
objects that can help with various data-driven image applications. Our method is based on dense proposal
generation and objectness-based re-ranking. A novel deep convolutional neural network is designed for the
inference of proposal objectness, the probability of a proposal containing optimally-located foreground object.
In our work, the objectness is quantitatively measured in regard of completeness and fullness, reflecting two
complementary features of an optimal proposal: a complete foreground and relatively small background. Our
experiments indicate that object proposals re-ranked according to the output of our network generally achieve
higher performance than those produced by other state-of-the-art methods. As a concrete example, a database
of over 1.2 million visual objects has been built using the proposed method, and has been successfully used in
various data-driven image applications.
Additional Key Words and Phrases: Object Detection, Object Proposals, Objectness, Internet Images, Convolu-
tional Neural Networks
1 INTRODUCTION
Internet images have been growing in an astonishing speed in recent years. With daily increased
popularity of online social media sites such as Instagram [1], Flickr [2], Facebook [3], etc., the
number of internet images has become quite huge. For example, Flickr, which began in 2005, now
hosts more than 13 billion images, and is continuously growing by the minute with more than 120
million active users. The rapid growth of internet images also brings up many applications that
make a good use of this big data, such as image retrieval [33], stitching [29], recommendation [62],
image quality assessment [17], or benchmark dataset making [58], etc. It is also obvious that within
these images the number and richness of contained objects are of great usefulness, especially in
some data-driven applications related to object manipulation, such as object retrieval [51, 57],
classification [32], enhancement [59], etc. Traditionally, searching for images that contain desired
objects is done through online search engines such as Google Images, which utilizes content-based
image retrieval techniques to find images that contain similar objects, or simply acquires images by
their tagged information. However, images returned by a search engine can not be easily controlled,
as they may be biased towards highly similar objects, or sometimes contain unwanted objects. This
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observation motivates building a rich object database that is tailored to support various demanding
data-driven image applications.
However, mining objects from internet images is challenging. First, information regarding exact
object location is not readily available within most internet images. For example, on Flickr [2] and
Instagram [1], most image tags are “object types”, “object names”, “camera parameters”, ‘locations
where pictures were taken”, etc. Second, there are usually problems like inter-class variation, object
occlusion, and background cluttering within images taken by non-professional people [11, 52].
Third, to collect visual objects, the method should be class-agnostic, without any pre-defined object
categories. Currently, there are many methods for locating objects, but most of them assume a
predefined, finite set of object categories [38], resulting in limited objects to be discovered. Last but
not the least, the object proposals should be of optimal sizes so that foreground objects are properly
located within them. In this work, the term objectness is used to indicate the probability of an object
proposal being optimal in location and size. We measure the objectness by two criteria: completeness
and fullness. Completeness requires contained foreground to be complete, while fullness requires the
background to be relatively small. Satisfying both completeness and fullness is important, especially
in some data-driven image applications that require properly-cropped images, such as clip-art
illustrations [25], image compositing [44], imaginary scene synthesis [8], etc.
In this paper, we propose an object mining pipeline for building a database of objects from
internet images. Our pipeline starts with object proposal generation using off-the-shelves methods.
Typically for a proposal generator, several partially overlapping proposals are produced around
a true object, and they only differ slightly in location, size and aspect ratio. Among these similar
proposals, we need to discover the optimal ones that completely cover the objects, since most other
proposals either cut off parts of the object (violating completeness) or contain too much background
area (violating fullness). To this end, we design a deep convolutional neural network for objectness
assessment, which is the cornerstone of the whole pipeline. The network architecture is based on
the design of two sub-networks for extracting object-oriented features and edge-oriented features
separately. For each object proposal box, grid-based spatial pooling is performed on multiple feature
maps given by the convolutional layers, resulting inmulti-scale aggregated features. Fully-connected
layers are used for regression that gives the final objectness score. Quantitative experimental results
and user study records indicate that top proposals given by our method exhibit higher performance
in general.
In summary, this work has the following contributions:
• An effective pipeline for mining objects from internet images. This pipeline is based on dense
object proposal generation and objectness assessment.
• A novel deep neural network for objectness assessment. The output of this network can be
used to choose proposals that have optimal locations and sizes.
• A large database of objects that has been successfully used in some data-driven image
applications, and can be of potential use in other applications as well, such as image style
transferring, object co-segmentation, etc.
2 RELATEDWORK
2.1 Data-driven Image Editing
There are many applications that make use of large image collection, such as Lalonde et al. ’s
“Photo Clip Art” [25]. For a given location where new objects are to be inserted, the system searches
within a large database to find objects with desired properties (i.e., category, resolution, camera
pose, lighting, etc.). Similar idea is also exploited in scene synthesis, such as Hays et al. ’s work [19],
where they perform image completion by querying for similar scenes as replacements for selected
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regions. The rapidly growing collection of internet image also enables synthesizing imaginary
scenes using convenient user interaction, such as in “Sketch2Photo” [8], where user-drawn sketches
are combined with text labels to find suitable background and foreground images for blending. The
synthesized images can be quite convincing due to the richness and diversity of internet images
that easily guarantee a reasonable combination of found objects and backgrounds. Wang et al. ’s
work [50] uses internet images on image extrapolation, where candidate contents near edges are
obtained from a pre-built database using graph-matching over hierarchically-segmented patches.
Aside from that, large image collection can also be useful in style transferring and colorization,
such as Tsai et al. ’s automatic sky replacement algorithm [46] that generates naturally looking
images with various sky styles, and Chia et al. ’s image colorization system [10] that leverages the
rich image contents from the internet. On the other hand, for exploring and visualizing a large set
of images of the same scene, Snavely et al. present “Photo Tourism”, a system that recovers 3D
viewing scene geometry by matching dense key feature points among photos taken from different
angles [44]. Russell et al. propose to organize online text information to explore images within a
reconstructed virtual scene [41].
A common key component within many data-driven image editing systems is a large image
database that contains significantly diversified visual contents. More importantly, the images within
should also be of good quality to be useful in real applications. Regarding object-oriented image
editing applications, such as “Photo Clip Art” [25] and “Sketch2Photo” [8], the object images
within the database should have two important features: complete and clear foregrounds and less
interfering backgrounds. In multimedia area, there are many works related to material quality
assessment, such as visual importance and distortion evaluation on images [17] and quality-of-
experience rating on videos [60]. In this work, the “quality” to be assessed is different. The goal
is to quantitatively measure image objectness that indicates the presence of foreground objects,
instead of color, distortion, resolution, frame rate, etc.
2.2 Object Proposals and Objectness
For a given image, object proposals are referred to as bounding boxes that are likely to contain
meaningful objects. The term objectness is usually used to indicate the probability of the presence of
a foreground object [28]. Object proposals are usually generated by window sampling, followed by
some searching or rating process to further narrow down optimal boxes to keep [47]. It is straight-
forward to use exhaustive searching over entire sampling space to obtain proposal windows [18].
However, exhaustive searching is usually computationally expensive, forcing coarse sampling grids
or low-level image features to be used in objectness calculation [47]. Therefore, most state-of-the-
art methods exploit more adaptive methods for searching proposal windows, such as randomly
picking proposals with high object classification scores [4], or merging image segments obtained
from hierarchical segmentation using certain strategies [5, 34, 47, 55], etc. The measurement of
objectness has been widely explored in object proposal generators that aim at locating target objects
through a minimum number of proposal window hypotheses [4]. In Alexe et al. ’s work [4], multiple
measurements of objectness such as multi-scale saliency, edge density, super pixels straddling, etc.,
are combined in a Bayesian framework to obtain final objectness scores. In Selective Search [47],
hierarchical segmentation results are merged in a bottom-up fashion by similarities between
adjacent regions. In MCG [5], proposal windows are merged hierarchically using combinatorial
grouping that maintains high achievable performance and are further sorted by a regression model
trained on hierarchical features that can be computed efficiently. In Edge Box [63], the number of
contours that are completely contained in a bounding box is used as an indication of objectness.
Other than directly rating proposals, Lu et al. ’s work uses a different strategy of rejecting bounding
boxes that have no explicit closed contours [31].
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Recently, deep convolutional neural networks (CNNs) have achieved great successe in image
recognition [23, 43] and object detection [37, 38]. There are also successful attempts to apply deep
CNNs to object proposal generation, such as Kuo et al. ’s Deep Box [24] and Ghodrati et al. ’s Deep
Proposal [16]. Recently, Ren et al. introduce a region proposal network to predict object bounding
boxes and objectness scores simultaneously [38]. Researchers have also been using neural networks
in saliency detection [27, 28], which can also be used in measuring objectness in object proposal
generation and instance-level segmentation [26]. However, foreground objects in images are not
always “salient” in images. There are also other works that apply fully convolutional networks
to infer class-agnostic segmentation masks, along with their objectness scores [12, 35, 36]. More
detailed discussion and evaluation on object proposal generators can be found in [6]. There are
also some works that exploit the richness of internet images for locating objects, such as Tang et al.
’s object co-localization [45], or the detection models trained with internet images, such as those in
Chen et al. ’s work [9] and Divvala ’s work [13].
In general, many object proposal generators are designed to serve as pre-processing tools for
object detection which aims at locating objects by specific category labels. Achieving a high object
recall is thus more important than the accuracy of proposal windows, as missing objects in this
stage cannot be rediscovered in the next stage of object detection. However, from most recent
successful data-driven image applications, we see an increasing requirement on the quality of
the database, that accuracy of the detected objects is relatively more important than recall. Using
most existing methods, proposals that are chosen may enclose incomplete objects or too much
background contents that can interfere with critical image editing operations like segmentation,
blending, etc.
3 OVERVIEW
Our pipeline for building an object database is illustrated in Figure 1. We first collect images from
a widely-used photo sharing website, Flickr [2]. All downloaded images go through a screening
process that discards images with no clean foreground objects. The screening is done by applying
a binary classifier that separates desired images from the rest. The next step is the generation of
object proposals from all remaining images. We leave this task to many state-of-the-art methods
such as MCG [5], RPN [38], or COB [34], etc. The proposal objectness assessment step that comes
after (enclosed by red rectangle in Figure 1) is one of the major contributions of this paper. All object
proposals are rated with objectness scores by a deep convolutional neural network that makes
inferences on multi-scale object-oriented and edge-oriented features. After objectness assessment,
we screen the object proposals by thresholding with respect to their scores, then sort the remaining
proposals in descending order. A non-maximal suppression (NMS) is then used to reduce duplicated
proposal boxes. Object proposals surviving all the above steps are used to build the database, which
now contains more than 1.2 million individual visual objects.
The paper is organized as followed. Section 4 describes image collection and pre-processing
steps. Section 5 defines network architecture and training process. Section 6 reports experimental
results related to performance of the network. Section 7 lists some data-driven applications that
can make use of the database.
4 IMAGE COLLECTION AND PRE-PROCESSING
In this work, images are collected from Flickr. We search for images using preset 36 city geolocations,
approximate search radius of 20 km and timespan between January 2005 and January 2015. To
respect the rights and privacy of other internet users, we only download images licensed with the
permission to redistribute derived works, such as the license of Creative Commons. The result of
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Fig. 1. The overall object mining pipeline.
this process is a collection of approximately 3 million images, taking storage space of 300GB. These
images should cover good geographical and cultural diversities around the world.
However, not all downloaded images can be useful for image editing applications. Some of the
images, such as photos of the sky and distant mountains, appear to contain no meaningful objects.
Images with crowded people, where severe occlusion often occur, can hardly be useful either. To
reduce unnecessary processing that will not produce useful objects, we perform a screening process
using a binary classification network that decides whether to keep a given image. The structure of
the network is the same as the VGG-16 network for image classification [43] except that the number
of neurons in the original softmax layer is changed to two, giving two probabilistic outputs (positive
and negative) that indicate whether or not to keep an image. The weights of original VGG-16
network pre-trained on ImageNet are used to initialize this network, and further fine-tuned with
our own training data. The training data consists of approximately 5000 images, hand-picked from
the training sets of ImageNet [23], PASCAL VOC2007 [14] and PASCAL VOC2012 [15]. We label
half of these images as positive (having clear foreground objects) and the other half as negative
(not having clear foreground objects). We remove those images predicted as negative by this binary
classifier. After this screening step, we have approximately 1/3 of originally downloaded images left.
It is possible that the binary classification can be over-fitting. However, in this work, the accuracy
of the binary classifier is not important. The key point of this step is to remove as many useless
images as possible, while the objects in some falsely rejected images can be easily compensated by
those in other images since the whole collection of images is huge.
The space of all possible window locations within an image can be huge. Instead of directly
searching for optimal windows, we use off-the-shelves object proposal generators for proposal box
generation. Several methods are tried, including Selective Search [47], Edge Box [63], MCG [5], RPN
from Faster R-CNN [38], and Deep Proposal [16]. In this work, we prefer fast proposal generation
methods with good precision so that later our assessment network can indeed find optimal object
proposals. It is worth mentioning that in this step, precision is relatively more important than
recall since our method only re-ranks existing proposals. The problem of relatively low recall can
be ignored due to the huge number of internet images, while poor precision will make the entire
pipeline less effective. In our experiments, we use MCG [5], COB [34] and RPN [38] due to their
relatively good precision and execution efficiency.
5 OBJECTNESS ASSESSMENT NETWORK
We design a regression network that rates proposals based on objectness. For any given image
and its proposal windows, the network will output scores that indicate probabilities of proposals
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(b) Calculation of completeness score
Fig. 3. Calculation of completeness score and fullness score. Completeness index and fullness index are
calculated according to methods illustrated in Figure 2. Fullness score functions correspond to Equation 2,
where α = 0.5, β = 12, γ = 0.6, q = 1. Completeness score function corresponds to Equation 3.
being optimal in regard of enclosed objects. Note that the whole pipeline assumes that there are
optimal proposals being produced by proposal generators, as our network does not generate new
object proposals. This is actually a reasonable assumption due to the existence of many good object
proposal generators [5, 24, 34, 38, 47]. The only problem is to find optimal ones among all generated
proposals.
5.1 Objectness Assessment Criteria
The optimality of a given object proposal window is quantitatively measured with respect to two
previously mentioned criteria: completeness and fullness. Completeness requires a foreground object
to be entirely located within the proposal window, while fullness requires the background area to
be relatively small compared to the foreground.
Denote proposal window as P , corresponding ground-truth box asG , and their intersected region
as I . The completeness index Cc and fullness index Cf are calculated as Equation 1,
Cc = Area(I )/Area(G)
Cf = Area(I )/Area(P) (1)
where Area(P), Area(G), Area(I ) are the area of proposal window, ground-truth box and inter-
sected box, respectively. The calculation is also illustrated in Figure 2. For bothCc andCf , the more
intersected area within the ground-truth box, the higher quantity they take, with the worst case
being both terms take 0 for no intersection, and the best case that both terms are 1 for complete
overlapping. However, although their calculation is similar, these two terms measure different
aspects of proposal optimality and complement each other in various cases. For example, when
the proposal box entirely encloses the ground-truth box, Cc = 1, indicating good completeness,
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while Cf measures the percentage of area within proposal box that is occupied by an actual object.
Similarly, when the ground-truth box entirely encloses the proposal box, Cf = 1, meaning good
fullness, whileCc measures how much of the actual object is enclosed by the proposal window. The
separated calculation of completeness index and fullness index also enables handling completeness
and fullness differently by using different “transfer functions” on them.
The completeness score and fullness score are computed based on previously obtained completeness
index and fullness index, by using “transfer functions” to control the contribution of each index to
the score. The calculation is illustrated in Figure 3. Completeness score and fullness score are denoted
as Sc and Sf , respectively. For fullness score, we are relatively tolerant when there is only a small
background area within proposal window, but make the score drop quickly when the index is below
certain threshold. Generalized logistic functions are ideal for this purpose. We use a simplified
logistic function,
Sf =
1
1 + qe−(β (Cf −α )))1/γ
(2)
where α and β are scaling parameters that map the desired portion of logistic function to the
range of 0.0 − 1.0. γ controls the slope of the curve, and q controls the threshold where the curve
starts to drop rapidly. Figure 3a illustrates the logistic function we use. It can be seen in Figure 3a
that q generally controls the tolerant threshold of fullness index. The score drops relatively slower
when Cf is near 1, but decreases quickly to 0 once Cf is below the approximate threshold of 0.5. In
all our experiments, α = 0.5, β = 12, γ = 0.6, q = 1.
As for completeness score, we prefer to be less tolerant about objects being cut off by proposal
window borders. Thus, we let completeness score drop rapidly even when a small part of the
annotated object is cut off. This can be done by quadratic function,
Sc = Cc
2 (3)
It can be seen in Figure 3b that near 1.0 even a small dropping of completeness index will result in
large decreasing of completeness score. This enforces a large penalty for missing object parts within
the proposal window.
The final ground-truth objectness score is a weighted score of completeness score and fullness
score:
Sf inal = wSc + (1 −w)Sf (4)
wherew is a weight parameter. It generally reflects how we treat a proposal box regarding the
satisfaction of “completeness” and “fullness”. Smaller values of w indicate that we value “fullness”
more over “completeness”, and vice versa.w is tuned by a training process described in Section 6.2.
5.2 Network Architecture
We aim to design an end-to-end assessment method as a deep regression network, which takes
an image and its associated object proposals as input, and predicts objectness scores on the scale
of 0.0 − 1.0. These scores should reflect how likely each of the proposal windows is in optimal
location. The output of the network is a vector, with each element corresponding to one score of
an input object proposal.
To conceive such an end-to-end architecture, we have the following considerations. First, the
network should utilize both object-oriented and edge-oriented features, as we believe both region
and edge features to be important clues for optimal proposal box locations. Object-oriented features
can tell whether a proposal window contains an object while edge-oriented features provide
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Fig. 4. Architecture of our proposal objectness assessment network. Among the convolutional layers, blue
ones and green ones are respectively for object-oriented and edge-oriented feature extraction. The input
are an image and its associated object proposals, and the output are scalar value scores corresponding to
proposal objectness.
Table 1. The configuration of our network. Note that both sub-networks (green and blue parts in Figure 4)
have the same structure of convolutional and pooling layers (the groups of “conv1”, “conv2”, “conv3”, “conv4”,
“conv5” below)
GROUP LAYER TYPE OUTPUT PARAMETER LAYER TYPE OUTPUT PARAMETER
input image Input 224 × 224 × 3 × 1 - boxes Input 4 × 256 × 1 × 1 -
conv1(×2)
conv1_1 Convolution 224 × 224 × 64 × 1 kernel_size=3, filter_num=64, pad=1 relu1_1 ReLU 224 × 224 × 64 × 1 -
conv1_2 Convolution 224 × 224 × 64 × 1 kernel_size=3, filter_num=64, pad=1 relu1_2 ReLU 224 × 224 × 64 × 1 -
pool1 Pooling 112 × 112 × 64 × 1 type=max, kernel_size=2, stride=2 - - - -
conv2(×2)
conv2_1 Convolution 112 × 112 × 128 × 1 kernel_size=3, filter_num=128, pad=1 relu2_1 ReLU 112 × 112 × 128 × 1 -
conv2_2 Convolution 112 × 112 × 128 × 1 kernel_size=3, filter_num=128, pad=1 relu2_2 ReLU 112 × 112 × 128 × 1 -
pool2 Pooling 56 × 56 × 128 × 1 type=max, kernel_size=2, stride=2 - - - -
conv3(×2)
conv3_1 Convolution 56 × 56 × 256 × 1 kernel_size=3, filter_num=256, pad=1 relu3_1 ReLU 56 × 56 × 256 × 1 -
conv3_2 Convolution 56 × 56 × 256 × 1 kernel_size=3, filter_num=256, pad=1 relu3_2 ReLU 56 × 56 × 256 × 1 -
conv3_3 Convolution 56 × 56 × 256 × 1 kernel_size=3, filter_num=256, pad=1 relu3_3 ReLU 56 × 56 × 256 × 1 -
pool3 Pooling 28 × 28 × 256 × 1 type=max, kernel_size=2, stride=2 - - - -
roi_pool3 ROI Pooling 7 × 7 × 256 × 256 type=max, grid_size=7 - - - -
conv4(×2)
conv4_1 Convolution 28 × 28 × 512 × 1 kernel_size=3, filter_num=512, pad=1 relu4_1 ReLU 28 × 28 × 512 × 1 -
conv4_2 Convolution 28 × 28 × 512 × 1 kernel_size=3, filter_num=512, pad=1 relu4_2 ReLU 28 × 28 × 512 × 1 -
conv4_3 Convolution 28 × 28 × 512 × 1 kernel_size=3, filter_num=512, pad=1 relu4_3 ReLU 28 × 28 × 512 × 1 -
pool4 Pooling 14 × 14 × 512 × 1 type=max, kernel_size=2, stride=2 - - - -
roi_pool4 ROI Pooling 7 × 7 × 512 × 256 type=max, grid_size=7 - - - -
conv5(×2)
conv5_1 Convolution 14 × 14 × 512 × 1 kernel_size=3, filter_num=512, pad=1 relu5_1 ReLU 14 × 14 × 512 × 1 -
conv5_2 Convolution 14 × 14 × 512 × 1 kernel_size=3, filter_num=512, pad=1 relu5_2 ReLU 14 × 14 × 512 × 1 -
conv5_3 Convolution 14 × 14 × 512 × 1 kernel_size=3, filter_num=512, pad=1 relu5_3 ReLU 14 × 14 × 512 × 1 -
roi_pool5 ROI Pooling 7 × 7 × 512 × 256 type=max, grid_size=7 - - - -
fc
concat Concatenation 7 × 7 × 1280 × 256 axis=1 - - - -
fc1 Fully-connected 400 × 256 × 1 × 1 neuron_num=400 bn_1 Batch-normalization 400 × 256 × 1 × 1 -
nn_relu1 ReLU 400 × 256 × 1 × 1 - dropout1 Dropout 400 × 256 × 1 × 1 -
fc2 Fully-connected 400 × 256 × 1 × 1 neuron_num=400 bn_2 Batch-normalization 400 × 256 × 1 × 1 -
nn_relu2 ReLU 400 × 256 × 1 × 1 - dropout2 Dropout 400 × 256 × 1 × 1 -
output fc3 Fully-connected 1 × 256 × 1 × 1 neuron_num=1 bn_2 Batch-normalization 1 × 256 × 1 × 1 -nn_relu3 ReLU 1 × 256 × 1 × 1 - - - - -
additional evidence related to completeness and fullness (for example, a salient edge intersecting
the border of a proposal window is a clear indication of missing some object parts). Second, the
network should consider high-level features as well as mid-level features when inferring objectness
as the former supplies semantic information at the scale of whole objects while the latter supplies
semantic information at the scale of object parts. Last but not the least, the network should be very
efficient and end-to-end trainable, meaning that only necessary computation is performed, and the
interface for applications should be simple.
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As shown in Figure 4, our proposed network architecture is composed of two parallel convo-
lutional layer groups for feature extraction, and two fully connected layers for objectness score
regression. We modify the original VGG network by removing its fully connected layers and
attaching an ROI pooling layer to each of the last three convolutional layers. An ROI pooling layer
basically performs single-scale spatial pyramid pooling [20] that divides each region of interest into
a uniform grid of H ×W cells and performs pooling independently within each grid cell. In this
work, we use the grid size of 7 × 7 for ROI pooling, following Faster R-CNN [38]. The outcome of
ROI pooling is a fixed-length feature vector, which is the concatenation of max-pooling responses
at all grid cells.
The two modified VGG networks in our architecture are used for extracting different types of
features. One is for object-oriented features (blue parts in Figure 4), the other is for edge-oriented
features (green parts in Figure 4). It is important to include edge detection layers (green layers
in Figure 4) as features extracted with the aim of edge detection contain information of potential
object boundary locations, which is closely related to the criteria of completeness and fullness and
the inference of the final objectness score. For each proposal window, we concatenate the results of
six ROI pooling layers and feed them to two fully connected layers for final score prediction. Note
that one forward pass of our network can compute the scores for all proposal windows associated
with a single input image. This architecture maximizes the throughput of the network, avoids
redundant feature map computation, and provides simple interface for practical applications.
Note that a modified VGGwith an ROI pooling layer has been used in [38]. However, in their work
ROI pooling is only applied to a single convolutional layer (“conv5_3”), followed by a simple softmax
layer. Although the features computed from “conv5_3” can well characterize semantic information,
it is of very low resolution and cannot identify proposal bounding boxes with high-precision.
Table 1 gives the configuration of all layers in our network.
5.3 Network Training
The training data for our proposal assessment network includes a set of training images along with
a list of annotated ground-truth bounding boxes associated with training images. Each ground-truth
bounding box optimally encloses a single visual object. For each training image, we empirically
generate 1000 object proposals using an object proposal generator. The ground-truth scores of
these object proposals are calculated according to methods described in Section 5.1. In practice, for
each object proposal, we compute its score with respect to every annotated ground-truth bounding
box within the image and take the highest one as its final ground-truth score.
The loss function during network training is defined as the mean squared difference between
predicted scores and ground-truth scores, averaged over a training batch. Given a mini-batch
containing N proposal windows, the training loss is computed as,
L =
1
2N
N∑
i=1
Spi − Sдi 22 (5)
where Spi and S
д
i are respectively the predicted score and ground-truth score of the i-th proposal
window within the batch. Sдi is calculated according to Equation 4.
In this work, all experiments are carried out using Caffe [22], with a few of our own customized
layers. Note that the assessment of object proposals has stringent criteria about completeness and
fullness, and is generally more challenging than conventional object detection, which only requires
a positive proposal window to have more than 50% overlap with a ground-truth bounding box. Yet,
we only have limited training data.
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Instead of training the entire network from scratch, we make use of existing models by fine-
tuning their pre-trained weights. Two pre-trained models are used in this work. One is for object
detection [38], and the other is for edge detection [56]. We only take the weights of the convolutional
layers in these two pre-trained networks, and the weights of fully connected regression layers are
randomly initialized. In the beginning, all weights in the convolutional layers and fully connected
layers are trained with respect to the training loss of Equation 5. However, through our experiments,
we find out that fine-tuning convolutional layers along with fully connected layers does not give
better performance. In fact, as the result of our experiments suggests, tuning convolutional layers
results in slightly worse performance. On VOC2012, approximately 0.6% worse precision and 0.3%
worse recall are observed. We believe the small drop of performance is due to some over-fitting in
convolutional layers that worsen the feature extraction capabilities on different groups of layers.
This is a reasonable assumption due to the fact that the training data used is far from sufficient
compared to the network parameters.
The training data is prepared as following. First, we extract top 1000 object proposals within each
image. The proposal boxes are then augmented with random shifting or magnifying/reducing along
two dimensions by maximum 20%, resulting in additional 1000 object proposals for each image.
Second, for all generated proposals, their ground-truth scores are calculated according to Section 5.1.
Third, the proposals within each image are randomly sampled to be used in network training. Note
that the scores may concentrate around certain regions, depending on the performance of specific
proposal generators. For example, proposal windows produced by better generators may contain
more boxes with ground-truth objectness scores over 0.5 than those scored below 0.5. This requires
us to do sampling carefully such that the training data is evenly distributed in different ground-truth
score ranges. In this work, we sample proposals according to their respective ground-truth score
ranges. For each image, we calculate the histogram of ground-truth scores over all proposals, then
randomly sample boxes within each histogram bin to maintain a generally even distribution of
scores for training. The training images are randomly divided into 5 disjoint sets, one of which is
used as validation set during training.
During the training stage, each mini-batch contains one image and at most 256 proposal windows.
For the sake of correctness and efficiency of training, the proposal windows included in a mini-batch
are always generated from the same image. Gradients of layer weights with respect to the training
loss are calculated using finite difference and backward propagation, while weights updating is
through stochastic gradient descent. In addition, we use a batch normalization layers [21] for larger
base learning rate and faster convergence. The initial learning rate is set to 0.001, momentum
parameter is 0.9 and the weight decay is 0.0005. We test the model performance with respect to
validation set at the end of each epoch. After each epoch, the order of images and proposal boxes
are randomly shuffled. A k-fold cross-validation with k = 5 is used here. The configuration of our
deep-learning server: Ubuntu 14.04 64-bit (OS), Intel Xeon E5-2699-v3 2.30GHz (64 CPUs), Nvidia
GTX Titan X 6GB (1 GPU), 128GB (RAM).
6 EXPERIMENTAL RESULTS
6.1 Datasets and Evaluation Criteria
We evaluate our method on three public datasets: PASCAL VOC 2007 [14], PASCAL VOC 2012
[15] and SOS [61]. PASCAL VOC 2007 and PASCAL VOC 2012 contain 9963 and 11540 images
respectively with fully annotated bounding boxes for 20 object categories. As we focus on class-
agnostic object locating, we only use bounding box locations in these datasets for training and
evaluation. To conduct fair comparison, we train our network on the same training data that is used
by the other object proposal generators. To evaluate the generalization performance of our trained
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networks, we also test their performance on the SOS dataset, a group of 5244 images hand-picked
from COCO [30], ImageNet [40], SUN [54], and PASCAL VOC [14, 15]. 3951 images in the SOS
dataset have been annotated with class-agnostic object windows. Since we train our networks on
PASCAL VOC datasets, we remove images in SOS dataset that come from VOC datasets. In the end,
3086 annotated images are left in the SOS dataset for our experiments.
When we compare our method with other state-of-the-art proposal generators, we adopt three
criteria, precision rate, recall rate and mean ground-truth score. The precision rate is the percentage
of detected objects among all object proposals, while the recall rate is the percentage of detected
objects among all ground-truth objects. One important factor in calculating precision and recall is
to decide whether or not an object proposal is selected. In our experiments, a proposal is selected
to be any proposal window with intersection-over-union (IOU) between it and a ground-truth box
reaches 0.7. Note that this is relatively a high IOU threshold, compared to what is commonly used
in object detection applications. In this work, precision and recall are discussed separately with
respect to different numbers of top proposals. For some models trained with specific settings, the
performance of area-under-curve (AUC) is also reported. In addition, we adopt the mean ground-
truth score as the third criterion, which also reflects the general quality of top-ranked proposals.
The ground-truth score of a proposal window is calculated using methods described in Section 5.1.
6.2 Optimizing Ground-truth Scoring Schemes
In this work, The weighting parameter w in Equation 4 is decided according to the network
performance on the validation set of PASCAL VOC2012. We use the same network structure in
Section 5.2 and the same training parameters in Section 5.3. Thew is selected such that the network
gives the best precision on validation data. In our experiments, severalw values are tested. Table 3
shows the performance comparison on testing data among models trained with different weights.
In our experiments, the optimalw turns out to be dependent on proposal generators (Table 3). In
the rest of the paper, we report the performance of the network trained on proposals generated by
COB, unless specified otherwise.
We also try linear transfer functions for calculating completeness score and fullness score, namely,
Sl inear = wCc + (1 −w)Cf , as plotted by grey dashed lines in Figure 3. The results are in Table 2
(“Linear”). On all testing data (VOC2012, VOC2007, SOS), the precision and recall of the network
trained using linear transfer functions are generally worse than those trained with non-linear
transfer functions described in Section 5.1, by approximately 1%-3% regarding precision and by up
to 3% regarding recall. The reason should be that the non-linear transfer functions used in this work
enlarge the gap between the scores of high-objectness and low-objectness proposals, giving rise to
improved precision and recall when top-ranked proposal windowswithin each image are considered.
The using of non-linear transfer functions also offers flexibility in dealing with completeness and
fullness differently, such as tolerating insignificant violation of fullness (using generalized logistic
function) and penalizing any violation of completeness (using quadratic function).
Intuitively, instead of using methods described in Section 5.1, a straightforward idea of calculating
ground-truth scores is to directly use IOU between proposal box and ground-truth box in network
training. However, in our experiments, we find that using IOU instead of our proposed method
leads to up to 3% worse precision and up to 2% worse recall, as suggested by Table 2. The reason
should be that IOU only captures limited information (i.e., the percentage of overlap area between
two boxes), but does not reflect the positional relationship between them.
6.3 Comparison with State of the Art Methods
Our proposal objectness assessment network takes an image and its object proposals as input
and returns objectness scores, which are used to re-rank the original object proposals. We have
11
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Fig. 5. Performance comparison between different object proposal methods. Horizontal axis: number of
top-ranked proposals.
tried several proposal methods in building the network. In the rest of the paper, each proposal
objectness assessment network is denoted as “<Proposal Generator Name>+OA”. For example,
network trained on COB proposals is denoted as “COB+OA”. We compare COB+OA against nine
state-of-the-art object proposal generators, including Objectness Measure [4], Contour Box [31],
Selective Search [47], Edge Box [63], MCG [5], COB [34], Deep Box [24], Deep Proposal [16],
and RPN [38]. The last four are the latest deep learning based methods. We use their publicly
released models and suggested parameters for the reproduction of their best results. We evaluate
the precision and recall rates over three datasets: the validation set of PASCAL VOC 2012, the
testing set of PASCAL VOC 2007 and our customized SOS dataset.
As shown in Figure 5, when at most 50 top-ranked proposal windows per image are considered,
our method (COB+OA) significantly outperforms all other participating methods across all testing
datasets in terms of both precision and recall. Specifically, Figures 5a, 5b and 5c respectively report
precision with respect to the number of top proposals. The AUCs (Areas Under Curve) of our
hybrid method (COB+OA) are 31.15%, 29.12% and 30.34%, which improve those achieved by the
best-performing existing algorithm by 11.78%, 11.11% and 8.72%, respectively, on PASCAL VOC
2012, PASCAL VOC 2007 and our customized SOS dataset. When the number of considered proposal
windows further increases, the advantage of our method in terms of precision rate diminishes.
However, in our case, each image can hardly contain too many useful objects. Therefore, with a
proper non-maximal suppression threshold, checking only highly-ranked proposals is enough for
extracting good objects. The precision of our method also confirms that a significant improvement
can be achieved through re-ranking existing object proposal windows. As for the recall rate, as
shown in Figures 5d, 5e and 5f, our method also noticeably outperforms all other participating
methods. The AUCs of our method (COB+OA) are 4.42%, 4.21% and 10.31% higher than those
achieved by the best-performing existing algorithm, respectively, on PASCAL VOC 2012, PASCAL
VOC 2007 and the screened SOS dataset. This implies that ourmethod can includemore ground-truth
objects into the database than other methods when highly-ranked proposals are considered.
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6.4 General Effectiveness of Proposal Objectness Assessment
In this section, we verify that our network has performance gains on top of most object proposal
methods. To this end, we check the performance of a few object proposal methods and their re-
spective assessment networks. For each of the object proposal methods, we train a new objectness
assessment network using proposal windows generated by that method. To conduct a fair compari-
son, only the original training data used for an object proposal method is used to train its associated
network. For example, if the image set “trainval” in PASCAL VOC 2007 is used in training MCG, we
only use the same image set in training our corresponding network. All the networks are trained
using the same settings as described in Section 5.3.
We evaluate the effectiveness of our method on three state-of-the-art object proposal methods,
RPN [38], MCG [5] and COB [34], and report the precision, recall and mean ground-truth score on
the same testing set used in Section 6.3. As shown in Figure 6a, 6b, and 6c, our method significantly
improves the precision of all three original object proposal methods. Specifically, as reported in
Table 4, our method boosts AUCs of the original COB, MCG and RPN by 22.90%, 7.57% and 18.88%,
respectively, on the validation set of PASCAL VOC 2012. Meanwhile, as shown in Figures 6d, 6e and
6f, our method also improves the recall rate of all three original object proposal methods, increasing
their AUCs by 4.42%, 2.92% and 12.28%, respectively, on PASCAL VOC 2012. We can observe similar
performance gains on the other two datasets from Table 4.
Figure 6g, 6h, and 6i show the mean ground-truth scores evaluated on different methods. Our
method significantly improves the mean ground-truth scores of all three original object proposal
methods using our own standards. These results confirm that our objectness assessment network
can be used as a generic tool for improving the accuracy of object proposal methods.
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Fig. 7. Performance comparison between networks with different architectures. Horizontal axis: number of top-
ranked proposals. “VGG16+HED”: the proposal objectness assessment network consists of both VGG16 [43]
and HED [56] as sub-networks for feature extraction. “VGG16”: the proposal objectness assessment only
utilizes VGG16 [43] for feature extraction. “multi-scale”: ROI pooling is performed on three different feature
maps “conv_3-3”, “conv_4-3”, “conv_5-3”. “single-scale”: ROI pooling is only performed on one feature map
“conv_5-5”.
6.5 Ablation Study of Network Architecture
An ablation study is conducted to verify the effectiveness of the proposed network architecture. We
replace the two parallel sub-networks in our architecture with simpler versions. One of them has the
same convolutional layers as Faster R-CNN [38], but has only one sub-network for feature extraction.
The ROI pooling is only applied on “conv5-3" layer, further followed by fully connected layers. The
other simpler version does not have the second sub-network for edge-oriented feature extraction
but keeps multi-scale ROI pooling. The fully connected layers receive concatenated features from
the ROI pooling layers associated with “conv3-3”, “conv4-3” and “conv5-3” respectively. These three
networks are trained on the PASCAL VOC 2012 training set using the same settings described
in Section 5.3. The testing results on PASCAL VOC 2012 are shown in Figure 7, which includes
precision (Figure 7a), recall (Figure 7b) and the mean ground-truth score. It is clearly shown that
our network architecture delivers better performance than the two simpler alternatives.
6.6 Number of Object Proposals Generated during Training
We investigate how the number of proposals generated during the training stage can affect the
performance of assessment network. In data preparation, we empirically generate 1000 proposal
windows per image. However, this number can vary in practical cases, depending on the fact that
how many proposals are enough for achieving good precision and recall. As it is obvious that less
generated proposals mean better efficiency of the whole pipeline. However, reducing generated
proposals also reduces the richness of training data. Although we have data augmentation, the
richness of training data can only be improved to a certain extent. Table 5 shows the performance
when different numbers of proposal windows (per image) are generated during training stages. It can
be seen in Table 5 that changing the number of bounding boxes from 1000 to 500 does not negatively
affect the performance much (approximately within 1% difference regarding precision and recall).
However, if the generated proposals are too few, the performance can decrease significantly, with
the precision dropping by around 2%-3%. In our experiments, increasing the number of proposals
from 1000 to 2000 does not significantly affect the performance, with precision and recall within
1% difference.
6.7 Non-maximal Suppression
Non-maximal suppression (NMS) is a useful technique for removing similar proposal boxes. In this
work, several NMS-related experiments are conducted. First, we check how NMS will affect the
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Table 2. Comparison of AUCs of precision and recall curves between models trained with different scoring
schemes.Ours: scoring scheme described in Section 5.1. Linear: scoring scheme with linear transfer functions
(grey dash-lines in Figure 3). IOU: Intersection-over-union as proposal objectness scores.
Dataset Precision Curve AUCs Recall Curve AUCs
IOU Linear Ours IOU Linear Ours
VOC2012 29.11% 27.98% 31.15% 38.10% 38.75% 40.94%
VOC2007 26.73% 28.41% 29.12% 33.28% 32.38% 35.73%
SOS 29.28% 28.74% 30.34% 68.75% 69.65% 69.87%
Table 3. Comparison of AUCs of precision curves between models trained with different weights.w : weight
used in Equation 4.
Dataset Precision Curve AUCs
w=0.35 w=0.4 w=0.45 w=0.5 w=0.55 w=0.6 w=0.65
COB+OA 30.32% 31.15% 28.17% 29.67% 29.59% 28.37% 29.32%
MCG+OA 26.66% 25.98% 25.44% 26.93% 26.40% 25.31% 26.08%
RPN+OA 36.19% 36.30% 36.67% 35.97% 36.26% 35.87% 34.99%
Table 4. Comparison of AUCs of precision and recall curves between models with and without the integration
of our proposal objectness assessment network.
Dataset Precision Curve AUCs Recall Curve AUCsCOB COB+OA MCG MCG+OA RPN RPN+OA COB COB+OA MCG MCG+OA RPN RPN+OA
VOC2012 8.24% 31.15% 19.36% 26.93% 17.79% 36.67% 36.52% 40.94% 28.23% 31.15% 24.24% 36.52%
VOC2007 7.57% 29.12% 18.01% 25.05% 16.84% 34.49% 31.52% 35.73% 24.81% 27.30% 21.54% 28.28%
SOS 9.03% 30.34% 21.62% 28.02% 11.71% 27.81% 61.95% 69.87% 53.97% 58.10% 27.06% 43.61%
Table 5. Comparison of AUCs of precision and recall curves between models trained with different data
preparations. bN: number of proposal windows (per image) generated during training.
Dataset Precision Curve AUCs Recall Curve AUCsbN=2000 bN=1500 bN=1000 bN=500 bN=100 bN=50 bN=2000 bN=1500 bN=1000 bN=500 bN=100 bN=50
VOC2012 31.28% 31.18% 31.15% 30.83% 28.53% 27.99% 40.44% 40.97% 40.94% 40.19% 40.02% 40.11%
VOC2007 29.10% 29.99% 29.12% 28.73% 27.58% 26.71% 36.15% 35.90% 35.73% 35.54% 34.68% 34.93%
SOS 30.19% 29.92% 30.34% 30.08% 28.51% 27.59% 70.16% 69.77% 69.87% 69.76% 69.22% 68.92%
Table 6. The effect of non-maximal suppression (NMS) on original object proposal generators. I: threshold of
intersection-over-union (IOU) used in NMS. -: no NMS is used.
Dataset Precision Curve AUCs (COB) Precision Curve AUCs (RPN)– I=0.9 I=0.8 I=0.7 I=0.6 I=0.5 I=0.4 I=0.3 – I=0.9 I=0.8 I=0.7 I=0.6 I=0.5 I=0.4 I=0.3
VOC2012 8.24% 7.72% 6.93% 6.30% 5.89% 5.60% 5.32% 5.03% 19.36% 16.06% 11.97% 8.61% 6.85% 6.19% 6.55% 7.91%
VOC2007 7.57% 7.15% 6.49% 5.97% 5.62% 5.33% 5.09% 4.85% 18.01% 15.17% 11.17% 8.13% 6.44% 5.92% 6.35% 7.63%
SOS 9.03% 8.44% 7.52% 6.89% 6.47% 6.16% 5.84% 5.57% 21.62% 10.77% 8.09% 5.83% 4.50% 3.91% 3.95% 4.51%
Table 7. Comparison of AUCs of precision and recall curves of applying non-maximal suppression on object
proposals re-ranked by our OA method. I: threshold of intersection-over-union (IOU) used in NMS. -: no NMS
used.
Dataset Precision Curve AUCs Recall Curve AUCs– I=0.9 I=0.8 I=0.7 I=0.6 I=0.5 I=0.4 I=0.3 – I=0.9 I=0.8 I=0.7 I=0.6 I=0.5 I=0.4 I=0.3
VOC2012 31.15% 24.73% 16.93% 11.76% 9.19% 7.96% 7.26% 6.78% 40.94% 45.69% 48.90% 49.45% 46.40% 40.49% 35.48% 32.06%
VOC2007 29.12% 23.54% 16.23% 11.41% 8.95% 7.85% 7.23% 6.80% 35.73% 40.66% 43.87% 44.47% 41.58% 36.36% 32.08% 29.34%
SOS 30.34% 23.86% 16.40% 11.20% 8.80% 7.63% 7.00% 6.45% 69.87% 73.72% 77.73% 77.87% 73.23% 63.97% 56.52% 50.51%
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performance of original proposal methods. Second, we apply NMS on the re-ranked proposals by
our assessment network and check the performance again.
6.7.1 NMS on Object Proposals Generated Using Existing Methods. Table 6 shows the performance
when NMS with different intersection-over-union (IOU) thresholds are applied on object proposals.
Here we use COB [34] and RPN [38] for proposal generation. It can be seen clearly that both
precision of COB and RPN drop quickly as the threshold decreases (Table 6). This is due to that
some inaccurate proposal boxes are falsely rated with high scores, misleading NMS to remove many
high-objectness proposals near them. This is not desirable by our method, since it does not create
new proposals. If the proposals are generally of low objectness, it is less-likely that our method can
do any better. In this work, we recommend using NMS with larger thresholds (such as >= 0.7) on
proposals before performing assessment on object proposals.
6.7.2 NMS on Object Proposals Re-ranked by Proposal Objectness Assessment. Table 7 shows the
performance of our method, with NMS being applied on re-ranked proposals. Compared to COB
and RPN, our model still clearly outperforms them under the same IOU thresholds. When the
threshold decreases, the precision drops quickly. The selection of the IOU threshold is empirical
and subject to specific applications. In our pipeline of object mining, we use the threshold of 0.5 in
building the object database.
6.8 User Studies
Although quantitative results in the previous section have demonstrated the effectiveness of our
method, it still needs to be confirmed that such improvement does have positive impact on obtained
object database and visual searching results.
From the same image collection downloaded from Flickr, we build three object databases using
our method and other state-of-the-art object proposal methods. As we are more concerned about
precision, we choose two existing object proposal methods with good precision performance,
MCG [5] and RPN [38]. For MCG and RPN, top 50 proposal windows are generated for each image
and are screened by non-maximum suppression, removing duplicated objects. For our method, the
object mining pipeline described in Section 3 is used.
During this user study, each user is given a series of test cases. Within each test case, a query
image is used to retrieve top-ranked 50 images from each of the three databases. Three groups of
retrieved images are shown to each user in a random order, and the user is asked to pick all “good"
objects. For the selection of “good" objects, the user is told to select those images having objects in
good condition (satisfying completeness and fullness). We choose 30 query images as 30 test cases,
which are evenly distributed to 30 participants. Each participant receives 3 test cases consisting of
9 groups of images in total. Among all participants, 15 people have certain level of knowledge of
image editing, while the rest 15 people have not.
Given a participant and an object database, we quantify the score of the database as the percentage
of objects picked by user,
Npicked/Ntotal (6)
where Npicked and Ntotal are the number of objects picked by the participant and the total
objects within the database, respectively. The quantity indicates the “purity” of good objects within
a given database. For all three databases, we calculate their averaged scores over results obtained
from 30 participants. According to records of the user study. The database built using our method
has significantly better quality. Specifically, 57.58% of objects from our database are picked in
comparison to 34.50% for MCG and 19.15% for RPN.
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Fig. 8. A sample collection of visual objects discovered using our pipeline. Every row corresponds to a group
of visually similar objects. Note that our method does not assume object categories. The grouping of similar
objects is through K-means over deep features [43] of the chosen object boxes.
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Fig. 9. Results of applying automatic segmentation on some of the extracted objects from Flickr images.
Method described in [53] is used.
(a) (b) (c) (d)
(e) (f) (g) (h)
Fig. 10. Image compositing examples using objects from our database. Adobe Photoshop is used here to make
blended results more realistic.
7 APPLICATION
7.1 Accessing Object Database
Figure 8 shows some of the objects obtained from Flickr using our method. Since our method
performs class-agnostic visual object discovery and locating from internet images, objects in our
object database are not associated with any specific category labels. Therefore, locating a desired
object relies on visual search. To make our object database easy to access, we provide two types of
query interfaces, one is content based image retrieval, and the other is sketch-based image retrieval.
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For the interface of content based image retrieval, the user first supplies an image of an object,
which is used to retrieve a list of images containing similar objects. Image retrieval is implemented
using deep feature extractionwith a pre-trained VGG16 network [43] and nearest neighbor searching
based on the cosine distance metric [48, 49]. If a background image is also provided, we can further
apply a refinement process to re-rank retrieved visual objects with respect to the context of
background image. In this step, the background image is used as the query image to re-rank already
retrieved image list.
For the interface of sketch-based object retrieval, our system provides a panel for the user to
draw a sketch. Our system searches the database to retrieve a list of objects which can be associated
with the sketch. Sketch-based image retrieval is based on the deep CNN model provided in [42].
Similarly, given a background image, our system can also re-rank retrieved objects using the same
method regarding background similarities, as provided in the first type of user interface.
7.2 Image Compositing
Image compositing can be performed conveniently using our object database. Here we look at an
application of blending objects into a given background image.
Given a background image and some foreground object images found within our database, we
firstly apply automatic or semi-automatic image segmentation (such as [39]) on foreground object
images, and alpha matting (such as [7]) to cut out foreground objects. We further apply improved
Poisson blending and alpha blending as proposed in [8] to generate a high-quality composition.
Some image compositing examples are shown in Figure 10.
7.3 Automatic Segmentation
The selection of high objectness proposals can be potentially useful in fully-automatic segmentation.
Figure 9 shows some of the results on object images obtained from Flickr. The method from [53] is
used. Please note that although not all object images obtained from Flickr can be processed well by
this method, there are still a large number of acceptable results.
8 CONCLUSIONS AND DISCUSSION
In this paper, we present an effective pipeline for discovering and locating visual objects from inter-
net images. This pipeline is based on dense object proposal generation and objectness assessment.
A deep neural network is designed for the inference of proposal objectness score, based on the
criteria of completeness and fullness. Objectness scores returned from this network are used to re-
rank pre-generated object proposals to choose optimal object proposal windows. Our experiments
confirm the effectiveness of the proposed method, showing its relatively higher precision and recall
when compared to existing state-of-the-art methods.
From the perspective of building an object database, our pipeline and the assessment network
can be useful in many applications, such as building a photo gallery of visual objects for a specific
image collection, performing image editing with diversified choices of visual objects, enriching
existing public visual object databases, etc. More interestingly, the proposal objectness assessment
can potentially be useful in improving the performance of an object detector, as proposals that
are less-likely to contain any objects can be safely removed using this method. This could be an
interesting future work.
Limitation Our method is dependent on the performance of existing object proposal generators.
If an object is not detected by the proposal generator, our method is not able to find it as well. In
the future, we intend to combine object proposal generation and proposal objectness assessment in
a unified framework, and improve the performance of proposal generation.
19
REFERENCES
[1] [n. d.]. https://www.instagram.com. Accessed: 2018-May-20.
[2] [n. d.]. https://www.flickr.com. Accessed: 2018-May-20.
[3] [n. d.]. https://www.facebook.com. Accessed: 2018-May-20.
[4] Bogdan Alexe, Thomas Deselaers, and Vittorio Ferrari. 2012. Measuring the objectness of image windows. IEEE
Transactions on Pattern Analysis and Machine Intelligence 34, 11 (2012), 2189–2202.
[5] Pablo Arbeláez, Jordi Pont-Tuset, Jonathan T. Barron, Ferran Marques, and Jitendra Malik. 2014. Multiscale Combina-
torial Grouping. In Computer Vision and Pattern Recognition.
[6] Neelima Chavali, Harsh Agrawal, Aroma Mahendru, and Dhruv Batra. 2016. Object-Proposal Evaluation Protocol is
’Gameable’. In The IEEE Conference on Computer Vision and Pattern Recognition (CVPR).
[7] Qifeng Chen, Dingzeyu Li, and Chi-Keung Tang. 2013. KNN matting. Pattern Analysis and Machine Intelligence, IEEE
Transactions on 35, 9 (2013), 2175–2188. https://doi.org/10.1109/TPAMI.2013.18
[8] Tao Chen, Ming-Ming Cheng, Ping Tan, Ariel Shamir, and Shi-Min Hu. 2009. Sketch2Photo: Internet Image Montage.
ACM Transactions on Graphics (TOG) 28, 5, Article 124 (2009), 10 pages. https://doi.org/10.1145/1618452.1618470
[9] Xinlei Chen, Abhinav Shrivastava, and Abhinav Gupta. 2013. NEIL: Extracting Visual Knowledge from Web Data. In
2013 IEEE International Conference on Computer Vision. 1409–1416. https://doi.org/10.1109/ICCV.2013.178
[10] Alex Yong-Sang Chia, Shaojie Zhuo, Raj Kumar Gupta, Yu-Wing Tai, Siu-Yeung Cho, Ping Tan, and Stephen Lin. 2011.
Semantic colorization with internet images. In ACM Transactions on Graphics (TOG), Vol. 30. ACM, 156.
[11] Minsu Cho, Suha Kwak, Cordelia Schmid, and Jean Ponce. 2015. Unsupervised object discovery and localization in the
wild: Part-based matching with bottom-up region proposals. In 2015 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). 1201–1210. https://doi.org/10.1109/CVPR.2015.7298724
[12] Jifeng Dai, Kaiming He, Yi Li, Shaoqing Ren, and Jian Sun. 2016. Instance-sensitive fully convolutional networks.
Proceedings of European Conference on Computer Vision (2016).
[13] Santosh K. Divvala, Ali Farhadi, and Carlos Guestrin. 2014. Learning Everything about Anything: Webly-Supervised
Visual Concept Learning. In The IEEE Conference on Computer Vision and Pattern Recognition (CVPR).
[14] Mark Everingham, Luc Van Gool, Christopher K. I. Williams, John Winn, and Andrew Zisserman. [n.
d.]. The PASCAL Visual Object Classes Challenge 2007 (VOC2007) Results. http://www.pascal-
network.org/challenges/VOC/voc2007/workshop/index.html.
[15] Mark Everingham, Luc Van Gool, Christopher K. I. Williams, John Winn, and Andrew Zisserman. [n.
d.]. The PASCAL Visual Object Classes Challenge 2012 (VOC2012) Results. http://www.pascal-
network.org/challenges/VOC/voc2012/workshop/index.html.
[16] Amir Ghodrati, Ali Diba, Marco Pedersoli, Tinne Tuytelaars, and Luc Van Gool. 2015. Deepproposal: Hunting objects by
cascading deep convolutional layers. In Proceedings of the IEEE International Conference on Computer Vision. 2578–2586.
[17] Jingwei Guan, Shuai Yi, Xingyu Zeng, Wai-Kuen Cham, and Xiaogang Wang. 2017. Visual Importance and Distortion
Guided Deep Image Quality Assessment Framework. IEEE Transactions on Multimedia 19, 11 (Nov 2017), 2505–2520.
https://doi.org/10.1109/TMM.2017.2703148
[18] Hedi Harzallah, FrÃľdÃľric Jurie, and Cordelia Schmid. 2009. Combining efficient object localization and image
classification. In 2009 IEEE 12th International Conference on Computer Vision. 237–244. https://doi.org/10.1109/ICCV.
2009.5459257
[19] James Hays and Alexei A. Efros. 2007. Scene Completion Using Millions of Photographs. ACM Transactions on Graphics
(SIGGRAPH 2007) 26, 3 (2007).
[20] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. 2014. Spatial Pyramid Pooling in Deep Convolutional
Networks for Visual Recognition. CoRR abs/1406.4729 (2014).
[21] Sergey Ioffe and Christian Szegedy. 2015. Batch normalization: Accelerating deep network training by reducing
internal covariate shift. arXiv preprint arXiv:1502.03167 (2015).
[22] Yangqing Jia, Evan Shelhamer, Jeff Donahue, Sergey Karayev, Jonathan Long, Ross Girshick, Sergio Guadarrama, and
Trevor Darrell. 2014. Caffe: Convolutional Architecture for Fast Feature Embedding. arXiv preprint arXiv:1408.5093
(2014).
[23] Alex Krizhevsky, Ilya Sutskever, and Geoffrey E Hinton. 2012. Imagenet classification with deep convolutional neural
networks. In Advances in neural information processing systems. 1097–1105.
[24] Weicheng Kuo, Bharath Hariharan, and Jitendra Malik. 2015. DeepBox: Learning Objectness with Convolutional
Networks. CoRR abs/1505.02146 (2015). http://arxiv.org/abs/1505.02146
[25] Jean-François Lalonde, Derek Hoiem, Alexei A. Efros, Carsten Rother, John Winn, and Antonio Criminisi. 2007. Photo
Clip Art. ACM Transactions on Graphics (SIGGRAPH 2007) 26, 3 (2007), 3.
[26] Guanbin Li, Yuan Xie, Liang Lin, and Yizhou Yu. 2017. Instance-Level Salient Object Segmentation. In The IEEE
Conference on Computer Vision and Pattern Recognition (CVPR).
20
[27] Guanbin Li and Yizhou Yu. 2016. Visual saliency detection based on multiscale deep CNN features. IEEE Transactions
on Image Processing 25, 11 (2016), 5012–5024.
[28] Guanbin Li and Yizhou Yu. 2018. Contrast-oriented deep neural networks for salient object detection. IEEE transactions
on neural networks and learning systems 99 (2018), 1–14.
[29] Nan Li, Yifang Xu, and Chao Wang. 2017. Quasi-homography Warps in Image Stitching. IEEE Transactions on
Multimedia PP, 99 (2017), 1–1. https://doi.org/10.1109/TMM.2017.2771566
[30] Tsung-Yi Lin, Michael Maire, Serge J. Belongie, Lubomir D. Bourdev, Ross B. Girshick, James Hays, Pietro Perona,
Deva Ramanan, Piotr Dollár, and C. Lawrence Zitnick. 2014. Microsoft COCO: Common Objects in Context. CoRR
abs/1405.0312 (2014). http://arxiv.org/abs/1405.0312
[31] Cewu Lu, Shu Liu, Jiaya Jia, and Chi-Keung Tang. 2015. Contour Box: Rejecting Object Proposals Without Explicit
Closed Contours. In The IEEE International Conference on Computer Vision (ICCV).
[32] Wenting Lu, Jingxuan Li, Tao Li, Weidong Guo, Honggang Zhang, and Jun Guo. 2013. Web Multimedia Object
Classification Using Cross-Domain Correlation Knowledge. IEEE Transactions on Multimedia 15, 8 (Dec 2013), 1920–
1929.
[33] Lei Ma, Hongliang Li, Fanman Meng, Qingbo Wu, and King Ngi Ngan. 2017. Learning Efficient Binary Codes From
High-Level Feature Representations for Multilabel Image Retrieval. IEEE Transactions on Multimedia 19, 11 (Nov 2017),
2545–2560.
[34] Kevis-Kokitsi Maninis, Jordi Pont-Tuset, Pablo Arbeláez, and Luc Van Gool. 2016. Convolutional Oriented Boundaries.
In European Conference on Computer Vision (ECCV).
[35] PedroO. Pinheiro, Ronan Collobert, and Piotr Dollár. 2015. Learning to Segment Object Candidates. CoRR abs/1506.06204
(2015). http://arxiv.org/abs/1506.06204
[36] Pedro O. Pinheiro, Tsung-Yi Lin, Ronan Collobert, and Piotr Dollár. 2016. Learning to Refine Object Segments. CoRR
abs/1603.08695 (2016). http://arxiv.org/abs/1603.08695
[37] Joseph Redmon, Santosh Divvala, Ross Girshick, and Ali Farhadi. 2015. You only look once: Unified, real-time object
detection. arXiv preprint arXiv:1506.02640 (2015).
[38] Shaoqing Ren, Kaiming He, Ross Girshick, and Jian Sun. 2015. Faster R-CNN: Towards Real-Time Object Detection
with Region Proposal Networks. arXiv preprint arXiv:1506.01497 (2015).
[39] Carsten Rother, Vladimir Kolmogorov, and Andrew Blake. 2004. "GrabCut": Interactive Foreground Extraction Using
Iterated Graph Cuts. ACM Trans. Graph. 23, 3 (2004), 309–314. https://doi.org/10.1145/1015706.1015720
[40] Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause, Sanjeev Satheesh, Sean Ma, Zhiheng Huang, Andrej Karpathy,
Aditya Khosla, Michael Bernstein, Alexander C. Berg, and Li Fei-Fei. 2015. ImageNet Large Scale Visual Recogni-
tion Challenge. International Journal of Computer Vision (IJCV) 115, 3 (2015), 211–252. https://doi.org/10.1007/
s11263-015-0816-y
[41] Bryan C. Russell, Ricardo Martin-Brualla, Daniel J. Butler, Steven M. Seitz, and Luke Zettlemoyer. 2013. 3D Wikipedia:
Using Online Text to Automatically Label and Navigate Reconstructed Geometry. ACM Transactions on Graphics
(SIGGRAPH Asia 2013) 32, 6 (2013).
[42] Patsorn Sangkloy, Nathan Burnell, Cusuh Ham, and James Hays. 2016. The sketchy database: learning to retrieve
badly drawn bunnies. ACM Transactions on Graphics (TOG) 35, 4 (2016), 119.
[43] Karen Simonyan and Andrew Zisserman. 2014. Very Deep Convolutional Networks for Large-Scale Image Recognition.
CoRR abs/1409.1556 (2014).
[44] Noah Snavely, Steven M. Seitz, and Richard Szeliski. 2006. Photo tourism: Exploring photo collections in 3D. In
SIGGRAPH Conference Proceedings. ACM Press, New York, NY, USA, 835–846.
[45] Kevin Tang, Armand Joulin, Li-Jia Li, and Li Fei-Fei. 2014. Co-localization in Real-World Images. In The IEEE Conference
on Computer Vision and Pattern Recognition (CVPR).
[46] Yi-Hsuan Tsai, Xiaohui Shen, Zhe Lin, Kalyan Sunkavalli, and Ming-Hsuan Yang. 2016. Sky is Not the Limit: Semantic-
Aware Sky Replacement. ACM Transactions on Graphics (Proc. SIGGRAPH) 35, 4 (2016).
[47] J. R. R. Uijlings, K. E. A. van de Sande, T. Gevers, and A. W. M. Smeulders. 2013. Selective Search for Object
Recognition. International Journal of Computer Vision 104, 2 (2013), 154–171. https://ivi.fnwi.uva.nl/isis/publications/
2013/UijlingsIJCV2013
[48] Ji Wan, Dayong Wang, Steven Chu Hong Hoi, Pengcheng Wu, Jianke Zhu, Yongdong Zhang, and Jintao Li. 2014. Deep
Learning for Content-Based Image Retrieval: A Comprehensive Study. In Proceedings of the 22Nd ACM International
Conference on Multimedia (MM ’14). ACM, New York, NY, USA, 157–166. https://doi.org/10.1145/2647868.2654948
[49] Jiang Wang, Yang Song, Thomas Leung, Chuck Rosenberg, Jingbin Wang, James Philbin, Bo Chen, and Ying Wu. 2014.
Learning Fine-grained Image Similarity with Deep Ranking. CoRR abs/1404.4661 (2014). http://arxiv.org/abs/1404.4661
[50] Miao Wang, Yu-Kun Lai, Yuan Liang, Ralph R Martin, and Shi-Min Hu. 2014. BiggerPicture: data-driven image
extrapolation using graph matching. ACM Transactions on Graphics (TOG) 33, 6 (2014), 173.
21
[51] Wenying Wang, Dongming Zhang, Yongdong Zhang, Jintao Li, and Xiaoguang Gu. 2011. Robust Spatial Matching for
Object Retrieval and Its Parallel Implementation on GPU. IEEE Transactions on Multimedia 13, 6 (Dec 2011), 1308–1318.
https://doi.org/10.1109/TMM.2011.2165053
[52] Xiaoyu Wang, Ming Yang, Shenghuo Zhu, and Yuanqing Lin. 2013. Regionlets for Generic Object Detection. In 2013
IEEE International Conference on Computer Vision. 17–24. https://doi.org/10.1109/ICCV.2013.10
[53] Kan Wu and Yizhou Yu. 2018. Automatic object extraction from images using deep neural networks and the level-set
method. IET Image Processing (February 2018). http://digital-library.theiet.org/content/journals/10.1049/iet-ipr.2017.
1144
[54] Jianxiong Xiao, James Hays, Krista A Ehinger, Aude Oliva, and Antonio Torralba. 2010. Sun database: Large-scale
scene recognition from abbey to zoo. In Computer vision and pattern recognition (CVPR), 2010 IEEE conference on. IEEE,
3485–3492.
[55] Yao Xiao, Cewu Lu, Efstratios Tsougenis, Yongyi Lu, and Chi-Keung Tang. 2015. Complexity-Adaptive Distance Metric
for Object Proposals Generation. In The IEEE Conference on Computer Vision and Pattern Recognition (CVPR).
[56] Saining Xie and Zhuowen Tu. 2015. Holistically-Nested Edge Detection. In Proceedings of IEEE International Conference
on Computer Vision.
[57] Linjun Yang, Bo Geng, Yang Cai, Alan Hanjalic, and Hua Xian-Sheng. 2011. Object Retrieval Using Visual Query
Context. IEEE Transactions on Multimedia 13, 6 (Dec 2011), 1295–1307. https://doi.org/10.1109/TMM.2011.2162399
[58] Yazhou Yao, Jian Zhang, Fumin Shen, Xiansheng Hua, Jingsong Xu, and Zhenmin Tang. 2017. Exploiting Web Images
for Dataset Construction: A Domain Robust Approach. IEEE Transactions on Multimedia 19, 8 (Aug 2017), 1771–1784.
https://doi.org/10.1109/TMM.2017.2684626
[59] Fang-Lue Zhang, Miao Wang, and Shi-Min Hu. 2013. Aesthetic Image Enhancement by Dependence-Aware Object
Recomposition. IEEE Transactions on Multimedia 15, 7 (Nov 2013), 1480–1490. https://doi.org/10.1109/TMM.2013.
2268051
[60] Huaizheng Zhang, Han Hu, Guanyu Gao, Yonggang Wen, and Kyle Guan. 2018. Deepqoe: A Unified Framework
for Learning to Predict Video QoE. In 2018 IEEE International Conference on Multimedia and Expo (ICME). 1–6.
https://doi.org/10.1109/ICME.2018.8486523
[61] Jianming Zhang, Shuga Ma, Mehrnoosh Sameki, Stan Sclaroff, Margrit Betke, Zhe Lin, Xiaohui Shen, Brian Price, and
Radomír Měch. 2015. Salient Object Subitizing. In IEEE Conference on Computer Vision and Pattern Recognition (CVPR).
[62] Jing Zhang, Ying Yang, Qi Tian, Li Zhuo, and Xin Liu. 2017. Personalized Social Image Recommendation Method
Based on User-Image-Tag Model. IEEE Transactions on Multimedia 19, 11 (Nov 2017), 2439–2449.
[63] Larry Zitnick and Piotr Dollar. 2014. Edge Boxes: Locating Object Proposals from Edges, In ECCV. https://www.
microsoft.com/en-us/research/publication/edge-boxes-locating-object-proposals-from-edges/
22
